Age-related variation in marker frequency can be a confounder in association studies, leading to both false-positive and falsenegative findings and subsequently to inconsistent reproducibility. We have developed a simple method, based on a novel extension of moving average plots (MAP), which allows investigators to inspect the frequency data for hidden age-related variations. MAP uses the standard case-control association data and generates a birds-eye view of the frequency distributions across the age spectrum; a picture in which one can see if, how, and when the marker frequencies in cases differ from that in controls. The marker can be specified as an allele, genotype, haplotype, or environmental factor; and age can be age-at-onset, age when subject was last known to be unaffected, or duration of exposure. Signature patterns that emerge can help distinguish true disease associations from spurious associations due to age effects, age-varying associations from associations that are uniform across all ages, and associations with risk from associations with age-at-onset. Utility of MAP is illustrated by application to genetic and epidemiological association data for Alzheimer's and Parkinson's disease. MAP is intended as a descriptive method, to complement standard statistical techniques. Although originally developed for age patterns, MAP is equally useful for visualizing any quantitative trait. Genet. Epidemiol. 34:92-99, 2010. 
INTRODUCTION
Allele frequency variation as a function of age can be a confounder in association studies, particularly for agerelated traits, disorders with variable and late-onset, and time-sensitive conditions that involve cumulative exposure over time. Age-related frequency variations may arise from biologically meaningful mechanisms, ascertainment bias, or cohort effects. Regardless of the cause, the mere existence of an age effect could be problematic, because if unrecognized, it can lead to both false-positive signals and missing true associations, and as a result, findings may not replicate consistently. We have reported evidence for agerelated allele frequency variation in controls, which at times was greater than the differences between cases and controls [Payami et al., 2005] . We showed that age-related fluctuations exist that if undetected could lead to false association signals and failure to replicate. In a recent report, Lasky-Su et al. [2008] demonstrated age-varying association between body mass index and a common SNP, highlighting age effect as an important cause of nonreplications. To demonstrate the age-varying association, Lasky-Su and colleagues used data from eight studies comprising more than 13,000 individuals. Such rich datasets, however, are not available to most investigators and therefore age effects may go undetected.
Test of association with risk is based on the difference in the average frequency of the marker in patients vs. controls. It is assumed that frequency is constant across the age spectrum, or age is controlled for statistically as a covariate, or studied in interaction with the marker. Association studies do not usually examine frequency r 2009 Wiley-Liss, Inc.
distributions as a function of age, and as a result, any information that may be held in such data is untapped. To examine age effects, binning the data in large discrete age categories is an option but not ideal because age is a continuous trait and forcing it into a few discrete categories could mask the underlying variations. Moreover, the arbitrary cutoffs for binning could affect the outcome. Theoretically, the best way to test for age effects is to perform prospective studies; realistically, however, most studies, including genome-wide association studies (GWAS), are being conducted with cross-sectional casecontrol samples. The wealth of data that is being generated and the speed by which GWAS are progressing underscore the need for a simple method that can be applied to existing datasets to explore potential confounding by age.
Age-at-onset is an important phenotype especially in age-related disorders. For common disorders, whose incidence increases with age, such as prostate cancer, dementia, and macular degeneration, the question of ''when'' may be more relevant than ''if''. Increasing numbers of studies are therefore attempting to identify age-at-onset modifiers. The distinction between risk factors and age-at-onset modifiers could be biologically significant: risk factors point to the initial cause, whereas onset modifiers implicate the process that begins after the initial insult and leads to the threshold for development of clinical signs. Age-at-onset modifiers and risk factors can be difficult to distinguish by the commonly used statistical techniques (e.g., logistic regression models, analysis of variance). In fact, associations with age-at-onset and risk, as measured by standard techniques, could mimic each other, or yield seemingly contradictory results. Here, we illustrate that a graphic display of frequency data as a function of age could reveal easily identifiable signature patterns that distinguish age-at-onset effects vs. risk association vs. age effects unrelated to disease that mimic disease association.
METHOD
The purpose of this study was to develop a simple method that will allow investigators to inspect the marker frequency distribution as a function of age in their case and control populations.
We propose using moving average plots (MAPs) to visualize marker frequency distributions as a function of age. Moving averages are used routinely for tracking financial gains and losses over time and for statistical quality control. The method is old and proven, but its extension to the multinomial framework and its application to genetic and epidemiological association studies is novel (see Figs. 1-6 ). The dependent variable may be specified as the frequency of an allele, genotype, haplotype, or environmental factor; and the predictor may be age-at-onset, age-atdiagnosis, age when subject was last known to be unaffected, or duration of exposure. We calculate and plot the moving average estimates of marker frequency vs. age, with 95% central posterior intervals (CPI), under a multinomial data model. Each point on a MAP corresponds to a group of ages centered at the point, where the group includes this age 7t years. For example, if t 5 10, the point at age 55 is an average frequency estimate for subjects age 45-65, the point at age 56 is the average estimate for subjects age 46-66, and so on. For association studies, two MAPs are generated, one for cases and one controls, and plotted on the same graph. The result is a picture of the marker frequency distributions across the age spectrum, in which one can see if, how and when marker frequencies in cases differ from that in controls.
Although MAP is intended to be descriptive in nature, it is grounded in a sound probability model for frequency data. Consider the N i subjects which fall into the age bin (a i Àt, a i 1t) for age a i and prespecified width 2Ãt. The vector of counts (x i1 ; . . . ; x iJ ) of each marker 1; . . . ; J in these subjects is Multinomially distributed with N trials and parameter vector (y i1 ; . . . ; y iJ ), which represents the unknown true marker frequencies. The multinomial distribution is estimated independently for each age a i -the dependence on the age index i is suppressed from here on. Following a Bayesian analysis of this model, a non-informative Dirichlet prior distribution is used on the unknown frequency vector (y 1 ; . . . ; y J ), which results in a Dirichlet posterior distribution with parameters (1 þ x 1 ; . . . ; 1 þ x J ) [Bernardo and Smith, 2000] . Monte Carlo analysis is used to estimate the posterior distribution. For a large number (G) of posterior samples, a G Â J matrix is generated where each row of the matrix is a single multivariate random sample from the posterior distribution on the frequency vector (y 1 ; . . . ; y J ). In the results given below G is set to 100,000. The posterior mean on each marker frequency is estimated by averaging its posterior samples. The 95% CPI on each marker frequency is estimated by the 2.5th and 97.5th percentiles of its posterior samples. The analysis is applied independently to each population, and the probability that cases have a A B D C Fig. 1 . Hypothetical MAP models of association with risk and age-at-onset. Plots depict marker frequency distribution as a function of age in controls (blue) vs. patients (red). If marker is not associated with disease, the curves for patients and controls would be superimposed (not shown, for an example with real data see Fig. 3 ). Model A depicts a susceptibility allele for which marker frequency is elevated in patients uniformly across all ages. Model B depicts an age-varying association where the marker is associated only with early-onset form of disease. Model C depicts an age-at-onset modifier, where there is no difference in the overall average marker frequency between patients and controls, but there is a shift in patients showing higher frequencies of the marker in younger onset cases and subsequent depletion of that marker toward later onsets. Model D depicts a marker that is associated with both risk (as evidenced by higher frequency in patients vs. controls) and age-at-onset (as evidenced by the shift in patients). . Moving average frequency estimates of the three APOE alleles (e2 top, e3 middle, e4 bottom panel) are plotted against age for controls (blue circles) and age-at-onset for patients (red triangles), each shown with 95% CPI. Due to few subjects in the extreme low and high ages, tail ends were collapsed (ages r30 and Z80 for PD, r40 and Z90 for AD). A gray bar indicates the allele frequency is significantly different in cases than in controls under a two-sided comparison, not adjusted for multiple comparisons: light gray for at least 95% posterior probability, dark gray for at least 99% probability. (A) bottom panel shows that e4 frequency in AD patients begins a sharp rise after age 40, reaches its peak at around age 60, and then starts to decline, while remaining above the control frequency at all ages. For PD (B), the effect is dramatically different (for enlarged figure, see the supplemental material). The MAP of e4 in PD patients is sloped and intersects with control MAP. e4 is enriched in the youngest patients and depleted in the oldest patients; a pattern suggestive of an age-at-onset effect. (C,D) depict frequency MAPs of e2 and e3 in AD, before (C) and after (D) the e4 effect is removed. The plots demonstrate that the reduced frequency of e2 in AD patients is independent of e4, but the lower frequency of e3 in patients is solely due to the increased frequency of e4 and disappears once the e4 effect is removed. In the absence of e4, e3 frequency in patients is elevated because the frequency of e2 is decreased. See Supporting Information for enlarged figures.
higher (or lower) marker frequency than controls is estimated by comparing column-wise the two G Â J matrices of posterior samples. For example, to calculate the posterior probability that y 1 in cases is larger than y 1 in controls, the first column of the two matrices are compared by counting the number of times the posterior sample in the cases matrix is larger than the sample in the controls matrix, divided by G. The marker frequency is declared to be significantly higher (or lower) in cases than in controls when this probability is very large, e.g., 495%. Under a two-sided comparison, a significant difference is declared when this probability is either very large or very small, e.g., 497.5% or o2.5%. Samples from the posterior distribution on the odds ratio (OR) comparing marker 1 vs. 2 and cases vs. controls, can be calculated by
. . . ; G, where y g 1P is the gth posterior sample of the frequency of marker 1 in cases, y g 1C is the same frequency in controls, and the two other frequencies are defined similarly. The posterior mean and 95% CPI on the OR can be estimated from these G posterior samples.
The conceptual framework for MAP is illustrated in Figure 1 with four hypothetical models. Theoretically, signature patterns that emerge from MAP (Fig. 1 , Models A-D) can help distinguish true disease associations from spurious associations due to age effects, age-varying associations from associations that are uniform across all ages, and associations with risk from associations with age-at-onset. To illustrate, we applied MAP, in conjunction with standard statistical methods for assessing risk (w 2 tests, logistic regression) and age-at-onset (t-test, analysis of variance, Kaplan Meier, and log rank statistics) to genetic and epidemiological data on Alzheimer's disease (AD) and Parkinson's disease (PD). Data on 2,135 AD patients were provided by the Layton Aging & Alzheimer's Disease Center at Oregon Health and Sciences University [Payami et al., 1993] , The University of Washington Alzheimer Disease Research Center [Yu et al., 2007] , and the National Cell Repository for Alzheimer's Disease [http://ncrad.iu.edu/]. Genetic and epidemiological data on 2,196 PD patients and 2,360 control subjects were from the NeuroGenetics Research Consortium (NGRC) McCulloch et al., 2008; Powers et al., 2008; Zabetian et al., 2007] . The study was approved by the Human Subjects Committees at all participating institutions.
RESULTS
Six examples are used to illustrate utility of MAP. Data on Apolipoprotein E (APOE) in (1) AD and (2) PD Moving average frequency of the ''c'' allele is plotted against age for controls (blue circles) and age at onset for patients (red triangles), each shown with 95% CPI. This is a bi-allelic SNP; therefore, the MAP of the ''t'' allele (not shown) is the mirror image of the MAP for ''c''. The extreme low (r30 yrs.) and high (Z80 yrs.) ages were collapsed. Absence of gray bars indicates lack of significant difference between cases and controls at any age. See Supporting Information for enlarged figure. Moving average frequency of the H1H1 diplotype is plotted against age for controls (blue circles) and age-at-onset for patients (red triangles), each shown with 95% CPI. The extreme low (r30 yrs.) and high (Z80 yrs.) ages were collapsed. The MAP for patients is consistently above the MAP for controls, suggestion a uniform association that achieves highest statistical significance (dark gray bar) in the 50-70 year age spectrum (for enlarged figure, see the supplement). Moving average estimates of amount of coffee consumed is plotted against age at data collection (patients: red circles, controls: blue triangles), with 95% CPI. Gray bar indicates age range where the case-control difference is statistically significant. The extreme low (r30 yrs.) and high (Z80 yrs.) ages were collapsed. Subjects were classified as high or low coffee consumers if their total lifetime consumption of caffeinated coffee was less or more than the median coffee consumption in controls (the median was 66, which was calculated as the number of caffeinated coffee cups an individual drank per day multiplied by the number of years of consumption). The age scale indirectly reflects cumulative intake of coffee over the years. The upward slopes of MAPs reflect increasing cumulative coffee consumption with advancing age in both cases and controls. Age and age-at-onset are highly correlated. If one uses cases only to assess marker association with age-at-onset, one will obtain highly significant, but inaccurate, evidence for association of coffee with delayed onset (see Supporting Information for enlarged figure).
illustrate issues related to allelic association with disease risk and age-at-onset (Fig. 2) . (3) A case of no association with risk or onset is displayed in Figure 3 . (4) Association of microtubule-associated protein tau (MAPT) H1/H2 haplotypes with PD is an example of a uniform (non-age-specific) association with risk (Fig. 4) . (5) Association of coffee with PD demonstrates application of MAP to non-genetic risk factors with cumulative exposure over time giving false evidence for association with age-at-onset (Fig. 5) . (6) Association of a-synuclein (SNCA) with PD is an example of an age-specific association. The examples of MAPT and SNCA illustrate that MAP can be informative even when effect size is small (OR 5 1.2-1.4). Collectively, the examples used here illustrate flexibility of MAP in defining the dependent variable (allele, genotype, haplotype, or environmental factor) and the predictor (age-at-onset, age when subject was last known to be unaffected, or duration of exposure). For genetic markers, we defined age as age-at-onset for patients and age at blood draw (DNA extraction) for controls. For coffee consumption, we used age at data collection (cumulative exposure) for both patients and controls. Each graph (Figs. 2-6 ) contains a MAP for patients (blue circles with CPI boundaries), a MAP for controls (red triangles with CPI boundaries), and statistical significance (gray bar) calculated in a moving window, comparing patient MAP to control MAP. The gray bar is drawn when marker frequency in cases is significantly different from marker frequency in controls under a twosided comparison: light gray for at least 95% posterior probability, dark gray for at least 99% probability. Figures 2-6 are set at fixed scales for comparability; enlarged figures are provided as supplemental figures.
APOE AND AD
We chose the association of APOE with AD as proof of principle because it is the most robust genetic association [Hirschhorn et al., 2002] . By convention, AD is classified as early-onset or late-onset, with the cutoff often placed at age 60 years. APOE has three common alleles: e2, e3, e4. The field has come to the consensus that e4 is associated with increased risk and earlier onset of late-onset AD (460 years), and that e2 is protective. Association of e4 with early-onset AD (o60 years), and with very late-onset AD (varied definition of 475, 480, or 490) has been less clear and inconsistent. We analyzed APOE data from 2,135 AD patients and 2,146 controls. The allelic OR for e4 (reference: e3) was 4.82 (95% CI 5 4.24-5.48, Po10 À10 ) for late-onset AD, and 3.12 (95% CI 5 2.56-3.80, Po10 À10 ) for early-onset AD. Among late-onset AD patients, mean age-at-onset was 2.8 years earlier in e4-carriers than in patients lacking e4 (72.376.2 vs. 75.176.9, Po10 À10 ), which is consistent with the predisposing effect indicated by the elevated OR. Among early-onset AD patients, however, mean onset age was 3.5 years later in e4-carriers than non-e4-carriers (53.776.0 vs. 50.277.0, P 5 10 À8 ), suggesting a protective effect which is counterintuitive to the predisposing effect suggested by the elevated OR. MAP provides a bird's-eye view of the e4 allele frequency distribution for the full age spectrum ( Fig. 2A) , and seeing the whole picture reconciles the fragmented and seemingly inconsistent evidence. According to MAP (Fig. 2A, bottom panel) , e4 frequency in AD patients begins a sharp rise after age 40, reaches its peak at around age 60, and then starts to decline, while remaining above the control frequency at all ages. We observed nearly identical bell shaped curves for e4 in each of the three AD datasets, and for patients with or without a family history, although the peaks were higher for familial AD. To our knowledge, this is the first time that the association of APOE with AD has been seen in its entirety. Although prior studies had detected the e4 effect as being maximal around age 60, the fact that MAP can make that very clear in a relatively straightforward graphical display is a demonstration of the utility of this method.
Given that e4 is believed to be associated with both risk and age-at-onset of late-onset AD, we expected the MAP to resemble Model D in Figure 1 . In fact, if one draws a vertical line at age 60 in the MAP of e4 with AD and considers the right side of the line, which is late-onset AD, it is a perfect Model D. The left half of the MAP, which corresponds to early-onset AD, explains the seemingly contradictory results of an elevated OR (implying e4 as a risk factor) and delayed age-at-onset (implying protection). The rising e4 frequency from age 40 to 60 leads to Moving average frequency estimates for the three REP1 alleles (257 bp top panel, 259 bp middle, and 261 bp bottom) are plotted against age for controls (blue circles) and age-at-onset for patients (red triangles), each shown with 95% CPI. The extreme low (ages r30 yrs.) and high (Z80) ages were collapsed. MAPs suggest inverse association with PD risk with 257 allele, no association with 259 allele, and increased risk of disease with 261 allele (for enlarged figure, see supplemental material) . Moreover, the association with this locus appears to be mainly in the 35-50 year range, as indicated by gray bar (see Supporting Information for enlarged figure) . enrichment of e4 with increasing age-at-onset, which would also reflect as higher average age-at-onset in e4-carriers than non-e4-carriers. The evidence for delayed onset could therefore be an artifact of rising frequency of e4 between ages of 40 and 60. This is an example demonstrating that a risk factor could masquerade as a protective factor.
In Figure 2A , the general patterns of e2 and e3 are similar, in that the frequencies of these alleles are lower in cases than in controls, raising the question of whether e2 and e3 are ''protective'' against AD. Since relative frequencies of all alleles at a locus must add up to 1, a rise in the frequency of one allele will necessarily force the others down; therefore, the reduced frequencies in either or both e2 and e3 could be a byproduct of the rise in e4. To test the effects of e2 and e3 independently of e4, we used the relative predispositional effects (RPE) method [Payami et al., 1989] . Designed for multi-allelic loci, the RPE method helps to identify predisposing and protective alleles, sequentially in the order of the strength of their associations with disease. In the global 3-allele analysis of the present dataset, e4 was by far the most significant contributor to the difference between cases and controls (overall 3-allele test Po10 À10 ). After removing e4, and normalizing the e2 and e3 frequencies, there was still a significant difference between cases and controls, and this time, the deviation was driven by e2 (P 5 10
À8
). We applied the RPE procedure to MAP. Figures 2C and D show the MAPs of e2 and e3 before and after e4 was removed. The frequency of e2 remained significantly lower in cases than in controls even after e4 was removed, which suggests the reduced frequency of e2 is not merely a reflection of the increased frequency of e4, and is consistent with e2 being protective. The MAP of e3, however, was reversed from e3 being lower in cases than in controls when e4 was present, to e3 being higher in cases than in controls when e4 was absent. MAP is consistent with e3 being neutral because its fluctuations can be attributed entirely to e4 and e2: the dramatically increased frequency of e4 was responsible for the decreased frequency of e3, and when e4 was removed, the decreased frequency of e2 pushed the frequency of e3 up. Note that after e4 is removed, the e2 and e3 plots are mirror images of each other, which is expected for all twoallele loci, where an increase in one allele will mirror a decrease in the other. This example demonstrates utility of MAP as a visual aid for distinguishing between protective vs. neutral markers; also demonstrates the flexibility of MAP for application to different methods of analyses.
APOE AND PD
AD and PD are both common neurodegenerative disorders with a significant genetic component. Patients with AD have a high risk of developing parkinsonian signs and patients with PD are at increased risk for dementia. Given the overlaps between the two disorders, a genetic link has long been suspected. Soon after the discovery of the association of APOE with AD, numerous studies were published on the association of e4 with PD, but unlike AD, results were underwhelming and inconsistent [http:// www.pdgene.org/]. Like AD, PD is classified into earlyonset and late-onset, but the cutoff is usually placed at age 50 years. In our dataset, we found no evidence for association between e4 and risk of PD (reference: e3, OR 5 0.97, 95% CI 5 0.85-1.09, P 5 0.60), which is consistent with all published studies combined [http:// www.pdgene.org/]. Separate analysis of early-and lateonset PD revealed slightly higher e4 frequency in earlyonset PD than age-matched controls (OR 5 1.14, 95% CI 5 0.89-1.47, P 5 0.30), and slightly lower e4 frequency in late-onset PD than age-matched controls (OR 5 0.91, 95% CI 0.79-1.05, P 5 0.19). Average age-at-onset was 2.2 years earlier in e4-carriers than non-e4-carriers (56.6712.3 vs. 58.8712.1, P 5 0.0002). A modest but significant association between e4 and age-at-onset of PD has been noted previously [Pankratz et al., 2006; Zareparsi et al., 2002] .
When analyzed with MAP (Fig. 2B ) the trend is, at best, consistent with Model C in Figure 1 , suggesting an age-atonset effect. A cursory glance at the MAPs side-by-side gives an insight into how strikingly dissimilar the e4 effect is in AD vs. PD, both in pattern and magnitude. The MAP of e4 and PD is an example that demonstrates how an ageat-onset effect could lead to inconsistent association findings. The shift in the frequency distribution caused by the age-at-onset effect leads to enrichment of the allele frequency in early-onset cases and depletion in late-onset cases. The larger is the effect on age-at-onset, the steeper the slope in patients. If one is unaware of this picture, and attempts a case-control association study for risk, depending on the age distribution of the subjects, one could find evidence for association with increased risk (if patients have early-onset), decreased risk (late-onset), or no association at all (mixed).
NO ASSOCIATION
In Figure 3 , as a negative control, we show the MAP for rs682705, near PARK10 (a PD-linked locus on 1p32), which was initially implicated as a PD risk factor in an early GWAS [Maraganore et al., 2005] but was subsequently ruled out . In the present dataset, allelic OR is 1.02 (95% CI 5 0.91-1.14, P 5 0.74). MAP shows that the allele frequency distributions are flat (no age effect), and that the curves for patients and controls are superimposed and do not separate at any age (no association).
MAPT AND PD
The H1H1 diplotype of MAPT is a risk factor for PD [Healy et al., 2004; Pankratz et al., 2008; Zabetian et al., 2007] . In the present dataset, we estimated OR 5 1.38 (95% CI 5 1.22-1.57, P 5 6 Â 10 À7 ) for H1H1 vs. H2H21H1H2, which is consistent with the literature. There was no significant evidence for an age-at-onset effect (H1H1: 58.1712.2 vs H2-carriers: 59.1711.8, P 5 0.08). The MAP of H1H1 diplotype shows consistently higher frequency in PD patients than in control subjects (Fig. 4 and Model A in Fig. 1 ). The MAP of MAPT illustrates an association that is not age-specific, and has a modest effect size similar to those that have emerged from GWAS for many common disorders.
COFFEE AND PD
Association of caffeinated coffee consumption with reduced risk of PD is well established [Hernan et al., 2002; Powers et al., 2008] . Coffee consumption is measured as number of cups a person drinks per day, multiplied by the number of years of consumption. It is therefore cumulative over the lifetime. In our dataset [Powers et al., 2008] , as well as published reports [Hernan et al., 2002] , the association of PD with coffee is dose-dependent with risk decreasing with increasing consumption. When subjects were divided at the median coffee consumption, heavy-drinkers (above median) had 24-35% lower PD risk than light-drinkers (unadjusted OR 5 0.76, 95% CI 5 0.64-0.91, P 5 0.002; age adjusted OR 5 0.72, 95% CI 5 0.60-0.85, P 5 0.0002; age, sex and recruitment site adjusted OR 5 0.65, 95% CI 5 0.54-0.78, P 5 4 Â 10
À6
). In addition to this significant reduction in risk, we found a highly significant 5.7-year delay in age-at-onset for heavy vs. light coffee drinkers (55.9711.8 vs. 61.6710.7, Po10 À10 ). However, the average age was also significantly higher in heavy drinkers in both cases and controls; therefore, it was unclear if the age-at-onset effect was real or an artifact of the age effect.
We plotted MAP once using patients' age-at-onset and once using their age at questionnaire administration. Age and age-at-onset were highly correlated in our dataset, thus we only show the curves for age at questionnaire administration for both patients and controls (Fig. 5) . There are several points of interest: (i) The MAP for patients is consistently lower than the MAP for controls, as would be expected for an inverse association between coffee consumption and PD risk. (ii) The MAPs are not flat; rather they are sloped upward showing increased cumulative coffee consumption with increasing age. (iii) Patient and control MAPs are similarly sloped, run parallel, and do not cross over, which implies a strong age effect, but no age-at-onset effect. We conclude that the highly significant 5.7-year delay in onset is an artifact of increasing cumulative coffee consumption with age. We found similar results for the inverse association of cigarette smoking with PD risk [Powers et al., 2008] , where the ageeffect created by increasing cumulative exposure over time mimics an association between smoking and delayed onset of PD (data not shown).
SNCA REP1 AND PD
Alpha-synuclein (SNCA) mutations cause autosomal dominant PD [Polymeropoulos et al., 1996] and polymorphisms in the 5 0 and 3 0 regions affect risk of nonMendelian PD [http://www.pdgene.org/; Kay et al., 2008; Pankratz et al., 2008] . Here, we use REP1, a dinucleotide repeat polymorphism in the promoter region, for illustration. Association of REP1 with PD was not detected in every study [http://www.pdgene.org/]. It required large sample sizes via a meta-analysis [Maraganore et al., 2006] followed by analysis of the NGRC dataset to establish a modest but significant association between allele length and PD risk. Using the RPE method, we showed that the REP1 contains both predisposing and protective alleles . Compared to the neutral mid-size allele (denoted here as 259 base pairs), the shorter alleles (r257 bp) are associated with lower risk (OR 5 0.86, 95% 5 0.78-0.95, P 5 0.003) and the longer alleles (Z261 bp) are associated with higher risk of PD (OR 5 1.20, 95% 5 1.01-1.42, P 5 0.037). Consistent with risk trend, age-at-onset shows a trend as a function of genotype, increasing incrementally from 54.8 for 261 homozygotes to 59.7 for 257 homozygotes. It is unknown if the association of REP1 with PD is uniform across the age spectrum or is limited to a certain age group. MAPs display two main features (Fig. 6 ): (i) As expected, 257 is more common in controls, 259 is neutral, and 261 is more common in PD. (ii) The association is notable only in younger individuals. Prior studies did not publish individual-level data on age, thus we were unable to readily confirm or refute our observation. If confirmed, this age-specific association could explain the failure to reproduce this association consistently. This analysis demonstrates the utility of MAP as an exploratory, hypothesis generating analysis. A visual inspection will not only reveal the existence of an age-specific association, but it will show specifically the age range that should be targeted in follow up replication studies.
DISCUSSION
We recommend MAP as an adjunct tool to be used in addition to the standard statistical techniques for assessing marker-disease association. MAP is simple, intuitive, and can be applied to both genetic and epidemiological data. MAP is intended as a descriptive method, to complement the more rigorous statistical techniques, which allow for complex interactions and adjustments for covariates. The unique feature of MAP is that it provides a birds-eye view of the frequency distribution across the age spectrum. If there is age-related variation in the frequency of the marker in patients or in controls, the investigator will see them and can test them statistically. MAP can protect the investigator from over interpreting spurious associations that result from hidden age-related variation. If association exists but within only a subset of disease, MAP will show where it begins, where it peaks, and when it wanes.
Although we developed MAP specifically to investigate age patterns in late-onset disorders, the method is equally useful for visualizing disease associations with any quantitative variable. The R package listed in the Web Resources section can generate MAP of any qualitative trait vs. any quantitative trait in a single or double population setting. It can also generate the OR MAP with posterior bounds as described in the Methods section.
WEB RESOURCES
The MAP method is publically available at cran. r-project.org in an R package called freqMAP.
